Prominent yellow flowers that are present in a Brassica oilseed crop such as canola require careful 16 consideration when selecting a spectral index for yield estimation. This study evaluated spectral indices 17 for multispectral sensors that correlate with the seed yield of Brassica oilseed crops. A small-plot 18 experiment was conducted near Pendleton, Oregon in which spring canola was grown under varying 19 water regimes and nitrogen treatments to create a wide range in oilseed yield. Plot measurements 20 consisted of canopy reflectance at flowering using a hand-held spectroradiometer and seed yield at 21 physiological maturity. Spectroradiometric measurements were converted to MODIS band equivalent 22 reflectance. Selected indices were computed from spectra obtained with the radiometer and correlated 23 with seed yield. A normalized difference yellowness index (NDYI), computed from the green and blue 24
reflectance. Selected indices were computed from spectra obtained with the radiometer and correlated 23 with seed yield. A normalized difference yellowness index (NDYI), computed from the green and blue 24
wavebands, overcame limitations of the normalized difference vegetation index (NDVI) during flowering 25
and best modeled variability in relative yield potential. NDYI was more linear and correlated with 26 county-wide oilseed yield data and MODIS satellite data from North Dakota (r 2 ≤ 0.72) than NDVI (r 2 ≤ 27 0.66). NDYI only requires wavebands in the visible region of the spectrum and can be applied to any 28 satellite or aerial sensor that has blue and green channels. These findings highlight the benefit of using a 29 spectral index that is sensitive to reproductive growth of vegetation instead of vegetative growth for crops 30 with spectrally prominent reproductive canopy elements. Our results indicate that NDYI is a better 31 indicator of yield potential than NDVI during mid-season development stages, especially peak flowering. 32 7 plot experiment with spring canola in Oregon are presented to support the theoretical arguments outlined 143 above. To cross-verify our biophysical theory and reinforce the findings from the small-plot study, the 144 practical application of reproductive indices is illustrated with results from remotely sensed prediction of 145 county-wide canola yields in North Dakota. Study sites and sensor systems are disparate with respect to 146 geographic scale as needed to assess robustness of correlation between index values and yield at mid-147
season. 148 149

Methods 150 151
Small-plot field experiment 152
A two-year (2013-2014) experiment was conducted on Walla Walla silt loam soils (coarse-silty, 153 mixed, superactive, mesic Typic Haploxerolls) at the USDA-ARS Columbia Plateau Conservation 154
Research Center near Adams, Oregon, USA (4543.1' N. Lat.; -11837.7' W. Lon.). The study was 155 moved to a different site before the beginning of each season. An irrigation system was used to create 156 three distinct water regimes according to the following scheduling scheme. The high water regime 157 applied water during the growing season to maintain soil water content at 20% on a dry-mass basis. The 158 intermediate regime received approximately one half the amount of water that was applied in the high 159 regime. In the low regime, no water was applied and the crop was grown under rain fed conditions. 160
Within each water regime, a spoke wheel applicator was used to apply liquid fertilizer (urea ammonium 161 nitrate) and create small plots of three nitrogen (N) levels in a randomized complete block design. Rates 162 of applied N were adjusted for each water regime and were equivalent to 0, 45, and 90 kg ha (Fig. 1a) . In 2014, a 1.83 m wide no-till plot drill (Great Plains Ag, model 606NT, Salina, KS, 169 USA) was used to plant canola into 3.7×11 m plots at 124 pure live seeds m -1 on 18 cm row spacing (Fig.  170   1b) . 171 9 
176
In both years, irrigation was applied with 16 mm dia. T-Tape (John Deere and Company, Moline, 177 IL, USA) drip tape with 20 cm hole spacing that effectively delivers a flow rate of 12.7 mm hr -1 at 55-60 178 kPa. Soil cores were sampled with a hand probe to the 30 cm depth from within each water regime. 179
Gravimetric water content was determined by weighing soil core before and after oven drying at 40ºC for 180 24 h. Broadleaf weeds were controlled by application of appropriate herbicides at the rosette stage of 181 crop growth. Insecticides were applied during flowering to control infestations of aphid. 182 183
Sampling 2013 plots 184
An ASD FieldSpecPro TM Radiometer (PANalytical, Boulder, CO, USA) was used to obtain 185 canopy spectral reflectance measurements on 7 June (Fig. 2a) , 18 June (Fig. 2b) , 27 June (Fig. 2c) , and 2 186 July (Fig. 2d) under clear or mostly clear sky conditions. Spectral sampling dates were chosen to capture 187 varying levels of flowering intensity. Spectral measurements were obtained within three 0.5 m 2 quadrats 188 within each of the 30 plots (green dots in Fig. 1a) , which brought to 90 the total number of subplots. 
. Sampling 2014 plots 203
In 2014, canopy spectral reflectance measurements were obtained on different dates (Fig. 3) by 204 means of digital aerial imaging. A Tetracam Mini-MCA6 multispectral imager mounted to a multi-rotor, 205 unmanned aerial vehicle was used to record imagery on 30 May (Fig. 3a) , 5 June Fig. (3b) , 9 June (3c), 206 12 June (Fig. 3d) , 19 June (Fig. 3e) , 28 June, 1 July (Fig. 3f ), 9 July, and 17 July. Each of the 36 plots was sampled for seed yield using a small plot combine after the crop reached 235 physiological maturity in August. Two short edges of the ends of each plot were trimmed away. The 236 combine harvested the remaining core of each plot and excluded two rows along the outside length to 237 avoid edge effects. The dimensions of each plot were measured after trimming to normalize the seed 238 weight by harvested area. For every image capture date, a spectral index was calculated and then all 239 pixels in the core area of each plot, within the harvested areas, were averaged for use in regression 240 analysis (described in section 3.). 241 242
North Dakota 2012 study area 243
Canola is an economically important crop in North Dakota where it is grown in rotation with 244 more predominant crops such as wheat, soybeans, and corn. Canola is grown in all 53 counties of the 245 state; however, it is predominantly grown in the northern half of the state. Canola cultivated in North 246
Dakota accounts for the majority of this crop in the U.S. It is sown in the spring and typically reaches 247 anthesis by mid-July. Average annual precipitation varies longitudinally across the state from 350 mm in 248 the west to 550 mm in the east. Consequently, canola yields are nearly 100% greater in the sub-humid, 249 eastern portion than in the semi-arid, western portion (Fig. 4) . In 2012, total canola acreage in North 250
Dakota was approximately 1.43 M acres versus 7.58 M acres planted to wheat (USDA Farm Service, 
257
Sources of Data for Satellite Remote Sensing 258
Yield data 259
North Dakota county-level statistics on canola yield, area harvested, and production were 260 obtained from the USDA National Agricultural Statistics Service (NASS) Quick Stats database (NASS, 261 2013b). NASS is the agency responsible for administering the USDA's program for collecting and 262 publishing agricultural statistics at the national, state and county levels. Yield data are based on county 263 totals. The NASS crop statistics are based on data obtained from multiple frame-based sample surveys of 264 farm operators, objective yield surveys, agribusinesses, shippers, processors and commercial storage 265
firms. 266
The NASS statistics data are inconsistent across years, and some years, including 2012, aggregate 267 several counties and are also missing some data. For 2012 there are 25 counties with information at the 268 county level and 6 counties that fall under the combined counties category (total number of ND counties 269 is 53). In 2011, there is yield data for 31 individual counties and 3 in the combined category. Yield data 270 is significantly reduced for 2013 and 2014 so these years were excluded. There are other years of data 271 available; however, the focus of this study is on experimental data so we only analyzed yield data for 272 2012, 2011, and 2010. 273 274
MODIS time-series data 275
There are several different MODIS products to choose from. Daily-level data would be ideal but 276
North Dakota typically has extensive cloud cover in June and July. Therefore, we used the MOD09A1 277
Version-5 MODIS product, downloaded from the United States Geological Survey Global Visualization 278
Viewer, because it is a temporal composite that uses the best observations (i.e. clouds, view angle, etc.) 279 over an 8-day period (Holben, 1986) . Most fields in North Dakota are laid out on the US Land Grid 280 system of 640 acre square sections and each section is divided into four quarter sections. A typical canola 281 field is cultivated as a quarter section, which is about 650 m on each side. In comparison, MOD09A1 282 pixels are 500 m wide whereas a typical field in North Dakota is about 650 m wide so a 250 m MODIS 283 product would be more suitable; however, no MOD09A1 products are available below 500 m spatial 284
resolution. 285 286
Spectral indices 287
We chose to evaluate three spectral indices for canola yield estimation. Indices were selected so 288
as to include wavebands that should be available on many multispectral imaging systems including those 289 that are typically mounted on unmanned aircraft and employ silicon-based detectors that have an upper 290 limit of sensitivity in the NIR. 291 NDYI is fundamentally a contrast between blue light and green light (Eq. 1) whereas NDVI is a 292 contrast between NIR and red light (Eq. 2), and Blue NDVI (BNDVI) (Eq. 3) is similar to NDVI except 293 its denominator incorporates a blue waveband instead of red. The rationale for analyzing BNDVI is that 294 chlorophyll absorbs blue light and is not affected by reflected light from yellow flowers so it may be a 295 good alternative to NDVI. BNDVI is sometimes referred to as -pseudo-NDVI‖ but we disagree with this 296 terminology since there is nothing false about it. BNDVI is simply less commonly employed than NDVI, 297 largely due to atmospheric considerations, but this in no way implies that its relationship to any measured 298 quantity is more spurious than other indices. 299
Eq. 1 300
Eq. 2 301
Eq. 3 302 303
Crop mask 304
Spectral index values were masked (Genovese et al., 2001 ) as needed to process only the 305 appropriate pixels. A North Dakota canola map was generated from a NASS product called the Cropland 306
Data Layer (CDL). The CDL is a land cover map of specific crop types that is developed from ground 307 surveys, farmer reports, and remotely sensed data from Landsat products (NASS, 2013a). The 2012 CDL 308 raster layer for North Dakota is distributed at 30 m spatial resolution. Therefore, we used majority 309 resampling to convert this raster layer into a binary map of canola at 500 m resolution in order to match 310 the spatial resolution of MODIS data. Thus, spectral data are based on patches within counties after the 311 masking process so that only pixels associated with canola production pixels are related to the yield 312 values for each county. 313
Operational canola yield forecasts at regional scales will require a canola map to mask out other 314 surface features and crop types. The manner in which a crop layer is generated often varies by crop and 315 may be subject to multiple iterations of refinement (Sakamoto et al., 2014) . Towards this end, an 316 automated method for Brassica oilseed identification using medium-resolution satellite imagery is under 317 development. 318 319 3. Modeling 320
Simple linear regression modeling 321 322
Robust yield models typically include agro-meteorological variables in addition to a spectral 323 index such as NDVI (Johnson, 2014) . However, a spectral index is the most arbitrary variable in such a 324 model because indices lack physical dimension. Accordingly, the authors chose a bivariate analysis in 325 order to assess the best dimensionless proxy for yield. 326
With respect to a process model, we believe that a measurement of yield potential at mid-season 327 should be linearly related to final yield because an index will ideally have a linear relationship to what it 328 is measuring. The model slopes tell us how much yield changes as a linear function of spectral index 329 values. Often, the curvature found between an index and a biophysical variable is not due to a non-linear 330 biological or physical process but is due to a mathematical procedure such as the normalized differencing 331 of two wavebands (Gitelson, 2004) . Therefore, a spectral index that has a linear relationship with a 332 biophysical variable such as yield may employ a statistical model that is congruent with the process 333 model. Our intent is to analyze and theoretically develop an alternative to NDVI, not to propose an 334 operational yield model. NDVI is the status quo and is treated as a benchmark for performance. We hope 335 this will provide a basis for future research to combine NDYI with agro-meteorological variables. 336 337
Regression models for 2013 small-plot experiment 338
For the 2013 field experiment we fit a separate regression model for each spectral sampling date 339 and spectral index. An additional regression model using the maximum spectral index value of each 340 sampling plot across all sampling dates was included to compensate for geographic variation in 341 development stage and allow NDVI to be evaluated before peak flowering (which deflates NDVI) and 342 NDYI to be evaluated during peak flowering, regardless of the development stage of a sub-plot during a 343 spectral sampling date. 344 345
Regression models for 2014 small-plot experiment 346
For the 2014 field experiment we fit a separate regression model for each image capture and each 347 spectral index. An additional regression model using the maximum spectral index value of each plot 348 across all sampling dates was included to compensate for between-plot differences in development stage. 349
This allows NDVI to be evaluated before peak flowering and NDYI to be evaluated during peak 350 flowering, regardless of between-plot differences in development stage. For each image, a threshold value for NDVI was interactively determined by viewing the NDVI 359 histogram and used to create a canopy segmentation mask. The NDVI-derived canopy mask was applied 360 to all spectral index rasters in order to restrict the analysis to vegetation pixels. Finally, all vegetation 361 pixels were averaged and these values were related to the total seed yield for each of the 36 plots. 362 363
Regression models for 2012 North Dakota counties 364
For the 2012 MODIS data we fit a separate regression model for each 8-day period and each 365 spectral index. An additional regression model using the maximum spectral index value of each pixel 366 across all sampling dates was included to compensate for geographic variation in development stage. This 367 allows NDVI to be evaluated before peak flowering and NDYI to be evaluated during peak flowering, 368 regardless of the average development stage within a county during the dates that comprise each 8-day 369 composite image. However, if there were several fields within a county that reached anthesis before 25 370
June, which corresponds to Julian day 177 for 2012, then this will adversely affect the performance of 371
NDVI. 372
NDVI, (BNDVI), and NDYI were calculated from the MODIS surface reflectance product after 373 band-level processing based on the bit encoding for MOD09A1 QA/QC state flags and quality assessment 374 data (Roy et al., 2002) . Specifically, a custom R-script was written to generate logical masks based on 375 band quality to only include land surface cover, without cloud cover or high aerosol content. All R code 376 used for the North Dakota MODIS analysis is available from the corresponding author upon request. 377 
Results 385
For our experimental data, dividing the study site into three distinct water environments and five 386 nitrogen levels was effective in creating a wide range in total seed yield. Regression modeling utilized 387 data collected during mid-season crop development stages, immediately before anthesis to the beginning 388 of pod fill, to demonstrate the spectral-temporal dynamics of relationships between spectral indices and 389 total canola yield. 390
The North Dakota data also had a wide range in spectral index values and total seed yield but the 391 results are not as consistent. This may be due to inconsistencies in yield reporting across years, varying 392 accuracy of the CDL crop mask, and different environmental conditions across tabulated counties for 393 each year. 394
Regression analysis of 2013 data 396
Scatter plots of spectral index values versus total yield show more scattering in the high yielding 397 plots across all dates (Figs. 5 and 6 ). This may be due to racemes branching out very far and eventually 398 extending beyond the predetermined hand-harvest area. In addition, manual handling of these racemes 399 may have resulted in varying degrees of pod shatter. BNDVI maintains a consistent relationship with 400 yield regardless of sampling date (Fig. 5) . The r 2 value is slightly reduced during peak flowering 401 (r 2 =0.54). Like NDVI, the scatter plot has a curvilinear shape and most of the high watering sample points 402 are above the regression line, especially by pod fill, and so the models will under-predict yield values. As Using the maximum index value across sampling dates (Fig. 6 ) resulted in similar patterns to the 425 models that varied by sampling date (Fig. 5) . In terms of absolute value, BNDVI had the largest slope, but 426 the strength of the relationship is intermediate between NDYI and NDVI. BNDVI and NDVI both exhibit 427 very large slope coefficients and this may be due to the large curvature in their relationships with yield. 
433
Regression analysis of 2014 data 434
A separate linear model was fit for each image capture date. The same processing was performed 435 on the FFC imagery as well as the raw digital numbers and the differences were negligible (data not 436 shown). Though image pixel values were not calibrated to reflectance, the FFC normalization recovered 437 the expected shape of the spectral reflectance curves for the vegetation and soil within the imagery. For 438 both the 2013 field experiment and North Dakota county data, NDYI has a linear relationship with canola 439 yield whereas NDVI has a pronounced curvilinear relationship and overall lower r 2 values (Fig. 7) . Julian day 143 corresponds to 22 May and the canola was still in rosette at this point. Figure 3a  448 indicates that stand establishment was set, but the canopy still had not closed and no spectral index 449 correlated well with yield. NDYI performed the worst (r 2 <0.1) because no flowers were present yet. Stem 450 elongation initiated by Julian day 151 (Fig. 3b) but upper leaves were still undeveloped and no index 451 correlated well with yield, indicating that a later-season image is required. There was enough canopy 452 development by Julian day 157 (Fig. 3c) so that each index finally explained at least half of the variability 453 in yield (Fig. 7) . The leaves were more fully developed at 157 than 151 and so NDVI's performance 454 improved; however, there were enough flowers present so that it did not perform as well as NDYI, 455 especially in the low water regime where bloom was most intense at this point. Bloom in the high water regime lagged behind until Julian day 171 (Fig. 3d) , at which point 464 NDYI better explained variability in the high water regime (Fig. 7) . In addition, BNDVI performed worse 465 on this date, especially for the low water regime. Canopy development shifted from a predominance of 466 bloom to a greater presence of pod-filling (canola development stages can have considerable overlap) by 467
Julian day 183 (Fig. 3f) , after which NDYI performs worse than the other indices. From this point on 468
NDVI performs better than the other indices because most flowers have shed and the red waveband is 469 progressively less responsive to carotenoid reflectance and more responsive to chlorophyll absorption. (Fig. 3) . 
480
Based on the coefficient of variation, NDVI gave the poorest performance in line with theoretical 481 expectations (Fig. 9) . However, the scatterplots indicate that NDVI had the tightest fit for the intermediate 482 water regime (triangles). BNDVI performed better than NDVI; however, NDYI clearly relates better to 483 the yield values, especially for low and high yielding plots. There are plots with yields that are greater 484 than two standard deviations from the mean, which are both high water and high nitrogen treated plots, 485
and no index appears to explain their variability well at any time. These values are also well above the 486 county-level yield rates for 2012 which suggests the yields for these plots were subject to measurement 487 error. 488 25 489 Figure 9 . Regression models for each index using the maximum index value recorded for each plot during the sampling period.
491
Regression analysis of 2012 North Dakota counties 492
Simple linear regression was run for each 8-day interval to determine the influence of timing on 493 mid-season yield estimates. For each 8-day composite, NDVI and BNDVI had comparable performance 494 (Fig. 10 To account for temporal heterogeneity in crop development due to geography and management 507 factors, separate models were based on the maximum value of each spectral index (Fig. 11) , which 508 resulted in a more linear point scatter for BNDVI and NDVI than exhibited by the models in Figure 10 . 509
There still appears to be more curvature than for NDYI, especially at extremely low values. In addition, 510 NDYI has the most linear and strongest relationship (r 2 =0.76). 511 512 Figure 11 . Regression models for each index using the maximum index value recorded for each county across all 8-day periods.
514
Regression analysis of 2010 and 2011 North Dakota counties 515
For both years, individual simple linear regression models were run for each 8-day interval in 516 order to determine the influence of timing on mid-season yield estimates. However, the 8-day results do 517 not suggest that any spectral index is useful for modeling canola yield. Therefore, we only report the 518 results for maximum index value regressions, which are provided Table 1 . 519
For 2011, all spectral indices had comparable performance (see Table 1 ). Each spectral index was 520 weakly related to total seed yield, especially for high yield values. For each index, the variance of 521 residuals increased with higher values of yield. For 2010, the coefficient of variation was low for all 522 indices. BNDVI and NDVI had comparable performance whereas maximum NDYI values resulted in the 523 most homogeneous scatter around the regression line. 
Discussion 531
The same general patterns are found in the North Dakota data and our small plot experiment thus 532 suggesting that NDYI is relatively better than NDVI for modeling canola seed yield. NDVI has been 533 shown to work best for estimating wheat yield either at maximum green leaf biomass (Tucker, et al., 534 1980) or maximum green canopy cover (Mahey et al., 1993) . Similar to how NDVI performs during 535 maximum greenness, NDYI performs best during maximum yellow flower cover. With respect to timing, 536 late flowering branches typically produce fewer flowers and pods. Canola will flower from the bottom to 537 the top of the plant and the pods on the bottom are typically bigger than those on top. In addition, ability 538 to compensate for flower and pod losses diminishes as flowering progresses. Therefore, peak flower may 539 be the most informative time to acquire mid-season imagery for yield modeling. 540
For the North Dakota data, BNDVI likely outperformed NDYI for Julian Day 209 because NDYI 541 exploits variability in flowering and flowering was much less pronounced, or finished, by this time. Pre-542 anthesis leaf contribution to dry matter assimilation diminishes as pods develop, but pod and branch 543 photosynthesis provides assimilate for seed development (Bilsborrow, 1983 ) so BNDVI and NDVI may 544 be useful tools once flowers are shed. 545
Even though NDVI does not perform well during flowering, it and BNDVI both do well before 546 and after flowering. This may be due to the fact that NDVI is an indicator of photosynthetic activity, 547 which is decreased during flowering. LAI decreases at the start of flowering and pod area index (PAI) 548 does not increase appreciably until after flowering ends (Diepenbrock, 2000) . Therefore, NDVI is able to 549 index photosynthetic capacity again once pods, which are photosynthetically active, develop and basal 550 leaves become more visible after flower abscission. 551
For both study sites, our results demonstrate that the NDVI-yield relationship weakens as bloom 552 intensifies in agreement with Piekarczyk (2011) . The Oregon and North Dakota study sites show the same 553 patterns/trends regardless of growing environment and sensor resolution. Although the study sites are not 554 directly related, our results are cohesive because NDYI performs better during peak flower for both data 555 sets and exploits the same variability that confounds NDVI. However, the blue waveband is sensitive to 556 atmospheric contamination and adequate processing is required for its use. 557 NDYI may also be used to monitor the duration and intensity of flowering, which would allow 558 yield estimates to incorporate critical heat thresholds and other events that can reduce yield potential 559 during flowering (Morrison, 1993 classifier to develop an in-season canola map instead of relying on government distributed data to mask 574 out canola pixels. 575
Remote sensing data alone were insufficient to explain variability in county-level yield within 576 North Dakota. An identical analysis was attempted for 2011 and 2010; however, the relationships were 577 not significant and the r 2 values were low for all indices. Since the counties with published yield values 578 vary by year, it is possible that the 2011 and 2010 counties had greater soil and weather differences than 579 in 2012. For example, North Dakota had a cold, wet spring that delayed seeding in 2011. More robust 580 models that incorporate soils and weather information would be necessary to explain the variability in 581 yield across space and time. Therefore, the 2012 analysis is only meant to reinforce our experimental 582 findings, which are spectrally explanatory and would need ancillary data to be geographically transferable 583 across different soils and climates. 584 585
Conclusions 586
This study used empirical remotely sensed yield models to evaluate the performance of three 587 different spectral indices during mid-season development stages. The same patterns were evident at the 588 small-plot and county levels. NDVI is designed to be sensitive to a signal coming from vegetative growth 589 (leaves) and is reduced by the spectral signal that comes from the reproductive growth (flowers) in the 590 canopy. The regression-based models in this study tested the hypothesis that an index sensitive to the 591 spectral characteristics of a canola canopy's reproductive vigor, as opposed to vegetation vigor, is a more 592 linear mid-season indicator of total seed yield than NDVI. We used remotely sensed data collected at 593 different spatial extents, different sensors, and different geographies to demonstrate that NDVI does not 594 perform as well and BNDVI or NDYI. 595
Our aim was not to create an operational yield model; rather, to demonstrate consistent patterns in 596 how the chosen spectral indices perform at different development stages, regardless of spatial resolution. 597
In addition, our findings suggest that it is not necessary to rely on a remotely sensed proxy for vegetative 598 photosynthetic capacity, such as NDVI, and we provide both theoretical reasoning and empirical results 599 that demonstrate how the spectrally prominent reproductive growth (yellow flowers) of canola 600 compromise the ability of NDVI as an effective estimator of total seed yield. 601
Furthermore, the goal of this research is not simply to propose another vegetation index. It is 602 important to think critically about how indices are used as covariates of yield, especially when canopy31 spectral properties are as dynamic as we illustrated. Many researchers have used ratios of green and blue 604 light for different purposes and our study has furthered understanding of how this band combination, as 605 well as more frequently used band combinations, behave as a function of canola development and yield. 606
Future research should focus on understanding how these indices change as a function of time as well as 607 how to incorporate the implications of our research into more sophisticated process-based and/or 608 agrometeorological models. 609
This research was completed as part of an effort to provide regionalized strategies to integrate 610 sustainable oil seed production into existing land uses in ways that increase farm profitability and rural 611 economic opportunities, while providing biofuel refiners dependable supplies of high quality feedstock. 612
This requires strategies for using space-and ground-based sensors to predict oilseed quality and yield, and 613 apply information to harvest and crushing operations to improve consistency of feedstock quality and 614 extraction efficiency. 783 784 Figure 11 . Regression models for each index using the maximum index value recorded for each county across all 8-day periods. 
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